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The CCGG Probe Database and Online Viewer
Abstract
A pan-genome is a collection of genomes that are organized in a single representation
and used jointly in the downstream analysis. As the assembly of multiple
intraspecific genomes becomes available, the trend is to build pan-genomes as an
alternative to traditional reference genomes. We have built a pan-genome called
the Collaborative Cross Graphical Genome (CCGG) for a mouse population known
as the Collaborative Cross (CC). The CC is a widely-used genetic reference mouse
population derived from eight genetically diverse founder strains. The CCGG was
constructed by merging the eight founder genome assemblies into a single pan-
genome represented as a graph.
In this thesis, I present the CCGG probe database that was developed for
two purposes: 1) to assess the accuracy of the founder assemblies in the CCGG;
2) to characterize newly sequenced CC samples. In the CCGG, edges represent
the sequence diversity in founder strains. The CCGG probe database identifies
informative probes on edges to distinguish between founder assemblies. The selection
of edge probes was designed to be unbiased relative to any founder assembly present
in the CCGG. They contain at least one variant on 99% of edges and cover every
base pair within the CCGG. Those probes were used to query the raw sequence
data of 96 CC samples and eight newly sequenced CC founders for the read
counts (i.e., the number of reads that include the given probe). The read counts
were organized and compressed to speed up the online queries. This database
has been used in three different applications, including compressing the CCGG,
resolving the recombination boundaries of CC samples, and locating assembly
errors. The CCGG probe database is available online and can be downloaded at
http://devel.csbio.unc.edu/GraphicalGenome/supplementary.html.
Another contribution of this thesis is an online visualization of the CCGG.
Currently, few bioinformatics tools have been developed for visualizing graph-based
pan-genomes. As a result, their structure is hard to understand, which limits their
usefulness. Thus, to promote the utilization of the CCGG, I provide the CCGG
viewer to allow users to navigate any genomic regions in the CCGG at different
scales. The CCGG viewer currently supports four different types of visualizations,
including the anchor distribution, edge distribution, graph topology, and CCGG





Reference genomes are an essential resource in biology and serve as the basis
for many computational tools, including genome assembly, sequence alignment,
and variant calling. Currently, most reference genomes are composed of strings
representing nucleotide sequences from one or more representatives. A widely-used
reference genome for humans (GRCh38) was obtained from 20 samples but with
70% of the sequence attributable to a single individual [2]. The mouse reference
genome (GRCm38) was sequenced from a single laboratory strain, C57BL/6J. Using
such reference genomes as the baseline imposes biases in subsequent analysis. For
instance, common DNA sequences may exist in a population that are not included in
the reference genome assembly (i.e., deleted); variant callers also tend to misreport
variants when the reference allele is rare [6]. One suggestion for improving reference
genomes is to switch to consensus genomes drawn from the entire population that
attempt to capture the major allele [1]. However, consensus genomes only capture
the commonality within the population, but not the diversity. Recent advances
in next-generation sequencing (NGS) technologies have increased the number of
genome assemblies available for each species. Using a single genome or a consensus
as the reference does not take full advantage of such rich genomic datasets [5]. Thus,
pan-genomes, in which a collection of genomes are used together as the reference,
have been widely proposed as the next step forward [5, 27].
Pan-genomes can be simply represented as a set of independent sequences [27]
or can be organized using graph-like structures [18], such as De Brujin graphs,
acyclic sequence graphs, and cyclic sequence graphs. Switching from simple strings
to graph representations has particularly been emphasized because of a graph’s
ability to pack multiple sequences compactly into a single connected representation.
Several graph-based pan-genomes have been constructed and sequence analysis tools
based on graphical genomes, such as aligners, variant callers, and genotypers, have
been developed [25, 12, 7, 8, 20]. However, there is still no widespread adoption
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of graph-based pan-genomes. There are several impediments, such as the lack of a
simple means for indexing and annotating subsequences within graphical genomes
as well as the requirement of developing new tools to analyze sequence data using
them. Currently, typical analysis tools based on pan-genomes begin with alignments
[12, 7, 8, 20]. Other popular methods in sequence analysis, such as k-mer counting,
are not widely adapted to pan-genomes yet. Thus, I built a database for a previously
constructed graph-based pan-genome, the Collaborative Cross Graphical Genome
(CCGG), to understand the sequence content within it and characterize newly
sequenced samples using a technique similar to k-mer counting. K-mer counting
is a common step in many bioinformatics tools, including the error correction,
sequence alignment, and transcript abundance estimation [16]. Typical k-mer
counting techniques, such as Tallymer, Jellyfish, and BFCounter [13, 17, 19], count
the frequency of all substrings of length k (k-mers) in a longer sequence. However,
counting the frequency for all k-mers in a long string can be inefficient when only a
fraction of those k-mers are unique, informative, or useful. Thus, instead of counting
the frequency of all k-mers, one can first generate a set of representative k-mers that
cover the entire string and then only query those k-mers. In my implementation,
I generated k-mers that cover each edge and node in the CCGG and identified
informative probes that distinguish among parallel edges. Once the probes were
selected, they were used to query high-throughput sequencing datasets for CC and
founder strains using Multi-String Burrows-Wheeler Transforms (msBWTs).
Another obstacle to the widespread adoption of graph-based pan-genomes is
the lack of visualization tools for examining and understanding their structure and
content. In contrast, linear genomes can be visualized simply as a string of characters
with a 1-dimensional coordinate system. Several genome browsers for linear genomes
have been developed [11, 10, 9]. Visualizers for pan-genomes have also recently
been constructed, such as the RPAN [26] and GenPlay [14]. However, they are
either developed for the parallel visualization of multiple linear genomes or for a
set of aligned reads. None of them focus on visualizing graphical genomes and
the sequence commonality and differences represented in the graph representation.
Although the idea of graphical genomes has already been proposed and several
instances are constructed [25, 20], their usage has been limited to small groups
and linear genomes are still largely used as standard references. Thus, to aid the
visualization of graphical genomes and encourage the utilization of them, I also




Mice are an important model organism for biomedical research because they can be
inbred to make isogenic strains [23]. Isogenic strains are genetically identical and
reproducible. Thus, mice with identical genetic backgrounds can be used as both
case and control in experimental designs, and the experiments themselves can be
repeated.
Recombinant Inbred Lines (RILs) are a special class of inbred-strain panels where
each strain in the panel is inbred and derived from a common set of ancestors. RILs
are an important resource used in biology because, in addition to having reproducible
genomes, their genomes permit genetic mapping studies.
The Collaborative Cross (CC) is a large panel of RILs in mouse population
derived from eight genetically diverse founder strains (A/J (A), C57BL/6J (B),
129S1/SvImJ (C), NOD/ShiLtJ (D), NZO/HlLtJ (E), CAST/EiJ (F), PWK/PhJ
(G), and WSB/EiJ (H)) [4]. The CC captures more than 90% of the known
variations in laboratory mouse strains, and it is a prevalent mouse reference
population for understanding complex traits. Currently, the analysis of mouse
genomes is largely based on the standard mouse reference, a single inbred mouse
strain, C57BL/6J (B). Most genetic and genomic resources are characterized by
how other strains differ from the reference. However, because the genomes of mouse
strains differ significantly, far more than the differences between humans, a single
strain is not representative of the entire population. Thus, using mouse pan-genomes
as the new reference can better describe the actual genomic variation and might
simplify downstream analysis.
Part of my undergraduate research was focused on constructing a pan-genome
representation for the CC with other members in Leonard McMillan’s research
group. We constructed a graph-based pan-genome called the Collaborative Cross
Graphical Genome (CCGG) [25] by merging the standard Mus Musculus reference
genome [3] and the de novo assemblies of the other seven founder genomes [15]
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Figure 2.1: Overview of CCGG
A) A visualization of the CCGG over the entire chromosome. Anchors and floating
nodes are shown as blue and red circles, respectively. Edges are shown as lines
connecting nodes together. The red edges are edges on the GRCm38 reference path.
SOURCE and SINK, shown as colored diamonds, are special nodes indicating the
beginning and end of each assembled contig.
B) A visualization of a fragment of the CCGG on chromosome 1, 182707696 bp to
182708011 bp. Anchors are shown as red boxes and edges are shown as blue and gray
boxes. Gray boxes represent edges on the GRCm38 reference path. Edges within the
purple boxes share the same src and dst and are referred to as parallel edges. The anchor
name shown in the box was based on the chromosome and the anchor coordinate in the
GRCm38 reference (divide by 45). The sequence contents within anchors and edges are
shown as colored barcodes. The founder strains that have the given edge sequence are
labeled using circles with their standard colors near the edge name.
guided by the sequence data of 75 CC samples. As shown in Figure 2.1, the CCGG
is represented as a directed acyclic graph composed of nodes and edges. There are
four types of nodes: anchors, floating nodes, SOURCE, and SINK. Anchors, shown
as blue circles in Figure 2.1.A, are the most crucial component in the CCGG and
have the following special properties.
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1. They are uniform: Anchors are always 45 base pairs long.
2. They are unique: Anchor sequences occur at a single position in all eight
founder assemblies considering both forward and reverse complement strands.
3. They are conserved: Anchor sequences appear in all founder assemblies and
are supported by multiple reads in every sequenced CC sample.
4. They are consistent: Anchor positions in all eight founder assemblies have the
same relative order.
These special properties allow anchors to serve as an effective coordinate
framework in the CCGG. They partition long eukaryotic genomes into short
homologous segments called edges. In Figure 2.1.B, edges are represented as blue and
gray boxes, which contain the sequences between nodes. Edges represent different
genomic haplotypes. Founders can share the same sequence between a pair of
anchors. Thus, edges with the same sequence are collapsed and the number of edges
between nodes can be less than the total number of founders (eight). Parallel edges
(i.e., edges that share the same src and dst) tend to have similar sequence content
and can be aligned to one another. Gaps are the total sequence content between
a pair of adjacent anchors. They are equivalent to parallel edges when floating
nodes, shown as red circles in Figure 2.1.A, do not exist. There are gaps where
some edges are longer than 1000 bps. All edges within those gaps are referred to as
long edges even if they are not longer than 1000 bps. They are usually caused by
large structural variations, such as a long deletion in a CC sample or large repetitive
sequences in the founder assemblies. Floating nodes are inserted in long edges for
local compression. They capture the local sharing between founder assemblies and
were found using the CCGG probe database developed in this thesis. The detail of
locating the floating nodes is discussed in Chapter 3.
In addition to combining the eight founder genome assemblies, the CCGG also
provides imputed genomes for 75 CC mouse strains, including 69 CC mouse strains
sequenced in 2017 [24] and six additional mouse strains sequenced in 2019 [22].
The haplotype origins of those 75 CC mouse strains were reconstructed using
a forward-backward hidden Markov model (HMM) based on 70,000+ genotyping
markers [24]. The inferred haplotype origin information was used to annotate the
edges in the CCGG. For instance, the inferred haplotype of CC005 is NOD/ShiLtJ
(D) at chromosome 1 from 10 Mb to 20 Mb. All edges labeled with NOD/ShiLtJ
(D) in this genomic region are annotated with CC005. By traversing through the
CCGG, CC genomes can be imputed based on the haplotype annotation and the
corresponding founder sequences. However, the resolution of the inferred haplotype
was limited, especially at places where the genotyping markers used for the inference
were sparse. As a result, the recombination boundaries can be ambiguous for several
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Mbs and small recombinations may fail to be detected at all. The limited resolution
of inferred haplotype information restricts the quality of imputed CC genomes. One
way to improve the sequence contents for the imputed CC genomes is to refine
the recombination boundaries, which was accomplished using the CCGG probe
database.
The CCGG is the first practical pan-genome reference for a mouse population
and is an important resource in developing tools for genomic analysis. To make
the CCGG backward compatible with existing tools for genomic data, we stored it
as a collection of standard FASTA files, with a node file and an edge file for every





Previously, Maya Narjarian (a graduate student in our lab) built a database to
characterize CC samples based on the standard mouse reference genome. This
database was constructed by taking every non-overlapping 45-mers from the
C57BL/6J reference genome and then querying sequenced CC samples for the
number of reads containing those 45-mers. These read counts were one of the
resources used to select anchors in the CCGG. My work extends Maya’s database
by including 45-mers and read counts for the remaining seven founder genomes in
the CCGG. Selecting additional 45-mers from the CCGG is not trivial. Ideally,
the selected 45-mers should capture the differences between founder genomes and
cover every base pair in the CCGG. As described in Chapter 2, anchor sequences
are shared by all founder assemblies and appear in all CC samples. Edges in the
CCGG contain sequences that vary among founders. Parallel edges, which share
the same src and sink, contain similar sequence contents. A frequent question that
arises when analyzing a newly sequenced CC sample is to assess which parallel edge
between a pair of anchors is most consistent with the sample’s sequence data. Thus,
I selected 45-mers that are able to highlight differences among parallel edges.
There are two types of 45-mers that are selected as edge probes, including
informative edge probes and bridging edge probes. Informative edge probes are
sets of 45-mers that are distinct among parallel edges. The set of 45-mers selected
as informative edge probes do not appear in any other parallel edges and, thus,
they can be used to distinguish an edge from others. They usually contain simple
variants, such as a SNP, a small insertion, or a small deletion, that are unique to
their edges. Bridging edge probes are 45-mers selected to bridge between informative
edge probes and anchors. They are selected to cover every base pair in the CCGG,
as uniformly as possible.
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Figure 3.1: Three different cases in informative edge probe selection
3.1 Edge probe selection
There are three different cases during the informative edge probe selection.
Case 1. Every parallel edge contains a single 45-mer that can be used as the
informative edge probe. In Figure 3.1.A, one of the sequences has a SNP, highlighted
in red, at 27 bp. The underlining 45-mers, starting at 21 bp, appear exclusively on
one of the sequences and were selected as edge probes. In cases that there are
multiple candidates for informative edge probes, I prefer to select the 45-mer that
has an offset that is a multiple of 45.
Case 2. Every parallel edge contains a subset of 45-mers that are used together
as informative edge probes. In many situations, a single 45-mer is not enough
to distinguish one edge from the others. For instance, Figure 3.1.B shows four
sequences that contain variants at position a and position b, which are separated by
more than 45 bps. The founder column next to the edge sequences represents the
founder strains on that edge. The AC edge (i.e., an edge that lies on the A/J (A)
and 129S1/SvIm (C) path) shares the same allele with the F edge at position a and
also shares the same allele with the BD edge at position b. Thus, a single 45-mer
from either position a or position b does not appear exclusively on the AC edge.
Two 45-mers that span variants at position a and position b separately should be
chosen as informative edge probes for the AC edge.
Case 3. Some parallel edges do not contain a set of 45-mers that can be used
as informative edge probes. As shown in Figure 3.1.C, when the variant, such as
a duplication, spans greater than 45 bps, there is no set of 45-mers that appears
exclusively on one of the sequences.
The first case can be solved trivially by generating the set of all possible 45-mers
on every parallel edge. For every edge, I subtract the set of 45-mers on other parallel
edges from its set to find a 45-mer that appears exclusively on this edge. For the
second and third cases, in order to minimize the number of 45-mers to query, we
chose to select the minimum number of 45-mers that can maximize the number of
parallel edges they can distinguish. In case 2, the goal is to find the minimum set
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Figure 3.2: Generating bridging edge probes after informative edge probe selection
This is an example of selecting bridging edge probes on parallel edges after selecting
informative edge probes. The founder strains on each edge are shown on the left side.
The sequences are shown as colored barcodes (purple for A, red for C, green for G,
yellow for T). Edge probes are displayed on top of each sequence. The bridging edge
probes are under the black bars and the informative edge probes are under the red bars.
of 45-mers that do not appear on any other parallel edges and in case 3, the task is
to find the minimum set of 45-mers that can distinguish as many parallel edges as
possible. This is equivalent to a set cover problem by encoding every 45-mer based
on the set of founders that do not contain this 45-mer. For instance, as shown in
Figure 3.1.B, on the AC edge, all 45-mers that cover the variant at position a, is
not shared by the BD edge and EGH edge, so those 45-mers were encoded as (BD,
EGH). Similarly, all 45-mers covering the variant at position b were encoded as (F,
EGH). Two 45-mers covering variants at position a and position b separately will
be selected as informative edge probes because they are the minimum set of 45-mers
that do not appear in BD, EGH, and F edges. The set cover problem is NP-hard but
can be approximated using a greedy algorithm with polynomial time complexity by
choosing the set that contains the most significant number of uncovered elements at
each step until every element is covered. In my implementation, I select the 45-mer
that does not appear on the largest number of uncovered parallel edges at each step
until every parallel edge, which can be distinguished, are covered.
As shown in Figure 3.2, after selecting informative edge probes, I generate all
non-overlapping 45-mers between informative edge probes and anchors as bridging
edge probes to cover every base pair in the CCGG. In the case that the length
of sequences between them is not a multiple of 45, such as the G edge in Figure
3.2, I allow overlap in the end. Because the read counts of 45-mers containing Ns
are non-informative, I designed the selection of edge probes to start or end at the
boundaries of N sequences to minimize the number of edge probes that contain Ns.
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3.2 Query edge probes
The read counts of edge probes generated in Chapter 3.1 are used to characterize
sequenced CC samples and founders. There are 96 CC strains, including 69 strains
sequenced in 2017 [24], six strains sequenced in 2019 [22], and 21 duplicates in
the database. Eight newly sequenced CC founders are also included in the CCGG
probe database. The read count of each edge probe can be computed simply using
hashing but I chose the Multi-string Burrows-Wheeler Transforms (msBWTs) for
time efficiency. The msBWTs were already constructed for all lanes and pair ends of
the Illumina read sets from samples mentioned above when constructing the CCGG
[25]. Edge probes generated from Chapter 3.1 were queried using the msBWT for
every sample to get the read counts in both forward and reverse complement strands.
3.3 Reduce redundancy
As mentioned in Chapter 2, the sequence contents of parallel edges are similar.
Thus, a large number of edge probes selected in Chapter 3.1 are shared among
parallel edges. In order to minimize the redundancy in storage and speed up the
online query, I constructed a mapping vector to map edge probes to their sequences
and read counts so that information for edge probes with the same sequence content
will only be stored once. As shown in Figure 3.3, the occurrence count matrix and
edge probe list only store read counts or sequences for edge probes that have distinct
sequence contents. Every edge is assigned with a continuous block in the mapping
vector based on the number of edge probes selected on that edge. For instance, three
edge probes were selected on the H edge in Figure 3.3 and they are mapped to block
3,995,448 to 3,995,451 in the mapping vector. The assigned block in the mapping
vector for each edge was stored in a SQL database. The value in the mapping vector
corresponds to the row number in the occurrence count matrix and edge probe list.
Thus, the read counts and sequences for edge probes on the H edge are stored at
row 9,363,927, 1,906,666, and 44,462 in the occurrence count matrix and edge probe
list respectively. As shown in Figure 3.3, multiple edge probes are mapped to row
9,363,927 because different edges share them. In practice, I concatenated the src
sequence and the edge sequence and then stored them together in the CCGG probe
database.
3.4 Application
The CCGG probe database is an important resource and is currently used in three
different applications, including compressing the CCGG, refining CC recombination
13
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Figure 3.3: the mapping vector and occurrence count matrix
This figure shows the structure of the mapping vector, occurrence count matrix, and
edge probe list. Edges in this example are parallel edges. They are from chromosome 1,
35,788,095 bp to 35,806,005 bp. The founder strains of each edge are shown on the
bottom. The value stored in the mapping vector corresponds to the row number in the
occurrence count matrix and edge probe list. The length of the mapping vector for
chromosome 1 is 21,366,996. The length of the occurrence count matrix and edge probe
list for chromosome 1 is 11,021,863.
boundaries, and locating assembly errors.
3.4.1 CCGG Compression
As mentioned in Chapter 2, there are gaps where some edges are greater than 1000
bps. Edges in those gaps are referred to as long edges. Floating nodes, shown as red
circles in Figure 2.1.A, were inserted on long edges for compression. Floating nodes
capture the local sequence commonality but are not eligible as anchors for various
reasons. They may be repetitive in the genomes, or they are only shared by a subset
of founders. Although the primary goal of mapping vectors is to reduce redundancy
in storage, it also helps to reveal the local sharing of sequences. Because edge probes
with the same sequence content are mapped to the same row in the occurrence count
matrix, by scanning the mapping vector, it is easy to locate edge probes that are
shared across parallel edges. For instance, in Figure 3.3, the last edge probes for
all edges are mapped to row 44,462, which means these three parallel edges share
the same sequence in the end. Thus, from the mapping vector, we find edge probes
that are shared among parallel edges and then merge shared edge probes that are
continuous to insert floating nodes for local compression.
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Figure 3.4: An example of refining the recombination boundaries
In this example, the previously predicted haplotype of a CC sample switches from CC to
DD in this region. Edges with the red stars are edges whose edge probes are most
consistent with the sequence data of this CC sample. The predicted recombination
boundary is the anchor highlighted in red because after this anchor, there are three edges
that lie on the D path but not the C path and those edges are most consistent with this
CC’s sequence data.
3.4.2 Refine CC recombination
As discussed in Chapter 3.2, the haplotypes for 75 CC strains were inferred based
on 70,000+ genotyping markers using the forward-backward hidden Markov model
(HMM). The inferred haplotypes contain more than 7,000 recombinations with
limited resolutions and the recombination boundaries can be ambiguous up to several
Mbs. For instance, in Figure 3.4, according to the haplotype origin information from
the genotyping markers, a CC sample switches from CC to DD in this region. The
recombination boundary in the previous haplotype information is unclear because
there is not any informative genotyping marker in this region.
The CCGG probe database was used to refine those recombination boundaries.
Our method begins by finding edges probes inside the recombination window that are
supported by multiple reads in the sequence data of corresponding founder strains.
Edge probes that are not supported by founders on their edge are excluded to
prevent noise from sequencing or assembly errors. For instance, if an edge probe
is on the AE edge but is not supported by sequenced A/J or NZO/HlLtJ, it was
excluded from the following calculation. The ratio of edge probes that are supported
by each CC strain for every edge is then calculated. Within a gap, the edge that
has the largest ratio of supported edge probes is the edge that is most consistent
with the CC sequence data. In Figure 3.4, edges that are most consistent with the
CC sequence data is annotated with red stars. By traversing through the CCGG,
I found edges that are not shared by the proximal and distal haplotypes inside the
15
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recombination window. The recombination boundaries are estimated by finding the
starting point of a run of edges (i.e., greater than or equal to three edges) that
only have the distal haplotype and are most consistent with the sequence data of
the corresponding CC strain. In case that the proximal and distal haplotypes are
always identical by descent (IBD), I increased the recombination window until I
found edges that are not shared by those two haplotypes. In the example in Figure
3.4, I first found edges that are not shared by the proximal haplotype (C) and distal
haplotype (D). The predicted recombination boundary is at the starting point of a
run of edges that only have the distal haplotype (D) and are most consistent with
the CC sequence data.
3.4.3 Locate assembly errors
As described before, the CCGG probe database was constructed to assess the
accuracy of the founder assemblies in the CCGG. Thus, I also used the CCGG
probe database to locate assembly errors in the eight founder assemblies. From the
occurrence count matrices, two types of edge probes are considered as may contain
assembly errors. The first type is those that are not supported by any sequenced
CC strains or founders. The second type is edge probes that are not supported by
any founders on that edge or any CC strains that have that haplotype (excluding
strains that are heterozygous in the corresponding genomic region). For instance,
an edge probe on the A edge may contain assembly errors if newly sequenced A/J
and every CC strain whose inferred haplotype is AA in the corresponding genomic




4.1 CCGG probe database
The CCGG probe database contains the read counts of all edge probes derived
from the CCGG in 96 sequenced CC strains and eight sequenced founders. There
are 7,165,125 gaps in the CCGG that have more than one parallel edges. For
99.37% of them, all parallel edges have a set of 45-mers that are used as informative
edge probes. For 0.59% of them, a subset of parallel edges have informative edge
probes. For only 0.04% of gaps, no parallel edges have informative edge probes.
The mapping vectors and the occurrence count matrices are stored independently
for every chromosome. In order to cover every base pair in the CCGG, the
total number of probes selected from the CCGG is 289,683,815, including both
informative edge probes and bridging edge probes. This is also the sum of the
sizes of the mapping vectors. For every chromosome, only read counts for distinct
45-mers are stored. However, if a 45-mers is shared across multiple chromosomes,
it will be stored multiple times. The sum of the sizes of the occurrence count
matrices across all chromosomes is 148,183,468. The compression ratio achieved
by introducing mapping vectors for occurrence count matrices is 51%. The total
number of non-overlapping 45-mers from the standard mouse reference genome is
roughly 58,750,000. Thus, our database only stored roughly 2.5 times as many
45-mers as that in the standard reference but covered all eight founder assemblies
present in the CCGG. The CCGG probe database can be downloaded at http:
//devel.csbio.unc.edu/GraphicalGenome/supplementary.html.
4.2 Online visualizer
The CCGG viewer is currently available online and can be accessed at http://deve
l.csbio.unc.edu/GraphicalGenome/viewer/. It currently supports four different
17
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types of visualizations on various scales.
4.2.1 Anchor distribution
The first visualization shown in Figure 4.1 is the anchor distribution in the CCGG
across the entire chromosome. It plots the number of anchors in every 100 Kb
window. The genomic coordinates in the GRCm38.p6 reference path is labeled on
the x-axis. Users can specify the chromosome they are interested in and zoom into a
particular region by drag and click. The distribution of anchors can reflect the level
of sequence commonality. The more conserved the region is, the more anchors are
expected. A drop in the anchor counts can be an indication of hypervariable regions,
large structural variations, or repetitive sequences. For instance, the distribution of
anchors is much sparser in chromosome X compared to that in autosomes because
of the large number of interspersed repeats in the sex chromosome.
4.2.2 Edge distribution
When users click on a point in the anchor distribution, the CCGG viewer will
update the edge distribution centered at the coordinate of the clicked point. The
edge distribution shown in Figure 4.2 plots the average number of edges and the
fraction of private edges for each founder across a 10 Mb window. The brown curve
on the top of the graph plots the average number of edges in every non-overlapping
10 Kb window over the entire 10 Mb region. The number of edges within a gap is
weighted by the length of the reference edge, so the average number of edges in a
10 Kb window is a floating-point number ranging from 1 to 8. The remaining eight
curves plot the fraction of private edges for each founder strain. The corresponding
founder strain for each curve is labeled on the y-axis. The private edge fraction for
every founder is estimated based on the length of private edges and the length of
all edges with this founder haplotype. For instance, the private edge fraction for A
is the length of all edges that only lie on the A path divide by the total length of
all edges shared by A. The GRCm38.p6 coordinate, average number of edges, and
private edge fraction of a particular 10 Kb window will show up when users hover.
4.2.3 Graph topology
When users click on a point in the edge distribution, the CCGG viewer will update
the graph topology of the CCGG centered at the coordinate of the clicked point. As
shown in Figure 4.3, the graph was drawn dynamically based on the user requests
using the Cytoscape visualization package [21]. Anchors are displayed as filled gray
circles and edges are drawn as solid lines. Edge colors are based on the standard
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Figure 4.1: Anchor distribution in chromosome 1
Figure 4.2: Edge distribution at chromosome 1, 10 Mb to 20 Mb
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Figure 4.3: The graph topology of the CCGG at chromosome 1, 9,999,946 bp to
1,004,491 bp
colors of founders on that edge. For instance, the AB edge is colored by yellow (the
standard color for A) and gray (the standard color for B). When users click on a
specific edge, the founders on this edge will show up. The GRCm38.p6 coordinates
of anchors are shown below them. The spacing between anchors is scaled by their
distance in the genomic positions.
4.2.4 CCGG probe database
When users click on an edge in the graph topology, the CCGG viewer will update
the CCGG probe database centered at the coordinate of the clicked edge. It
currently displays the read counts of edge probes in 96 CC strains and eight
sequenced founders. As shown in Figure 4.4.A, anchors are displayed as filled
color blocks, which correspond to the colors of the eight founders shown in the
first eight columns. An edge is depicted by a series of lines between anchors to
indicate the founder strains sharing that edge. For instance, gray (the standard
color for B) and green (the standard color for F) lines between a pair of anchors
indicate a BF edge. When users click on a edge, the CCGG viewer will cycle
through all parallel edges and bring the corresponding sequences and read counts.
The position of each anchor is based on the GRCm38.p6 coordinate and the
position of each edge probe is the offset from the src. The edge probe sequences
are shown in the sequence column with informative edge probes highlighted
in red. The unique vector represents the read counts of edge probes in the
GRCm38.p6 reference genome. The numbers in the table are the read counts
for every sample and founder before normalization. For instance, the number in
the red box in Figure 4.4 means that the edge probe with the sequence content
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Figure 4.4: A) the CCGG probe database at chromosome 1, 9,999,946 bp to
10,000,891 bp B) the colormap of the normalized read counts
AGGATTAGAAAAGAAATGCACTTACAGTTTTTCCAATTTCTTTAG appears
21 times in the sequence data of A/J. When the user hovers over a particular cell,
the read count normalized by the sample coverage will display. The background of
each cell is based on the normalized read count and the colormap shown in Figure
4.4.B. The normalized read counts and the background colors can be informative
in detecting copy number variations and heterozygosity. The headers containing
the sample names and the columns containing the sequence, founder, position, and
unique information will stick in place while scrolling. Users can navigate interested
genomic regions by clicking the more button to request data for one more gap.
4.3 CCGG probe database application
4.3.1 CCGG Compression
As described in Chapter 3.4.1, we found shared sequences on long edges by scanning
the mapping vectors and then inserted floating nodes on those edges for local
compression. In total, I found 8,618,653 45-mers that are shared by more than
one edges and inserted 3,198,957 floating nodes.
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Figure 4.5: An example of an unsupported place that may contain assembly errors
4.3.2 Refine CC haplotypes
As described in Chapter 3.4.2, I refined the recombination boundaries in the CC
strains based on the haplotype origin information constructed previously by the
HMM. There are 7,583 recombinations in 75 CC strains across all chromosomes,
including autosomes and chromosome X. For 87% of them, I am able to refine the
recombination by finding a run of edges that only have the distal haplotype and
are most consistent with the sequence data of the corresponding CC strain. The
inability to refine the recombination boundary of the rest may result from a wrong
prediction from the HMM, undetected small recombinations, or identical by descent
(IBD) between the proximal and distal haplotypes.
4.3.3 Locate assembly errors
From the CCGG probe database, I located 206,022 edge probes that are not
supported (read count less than 3) by any sequenced founders and CC strains and
834,254 edge probes that are not supported by the corresponding founders and CC
samples. Figure 4.5 shows an example of unsupported edge probes. The edge probe
is on the C path, but it is not supported by the newly sequenced 129S1/SvImJ or
any other CC samples. Nearly 99% of places we located are on private edges. The
type of edges that contain those unsupported sequences are shown in Figure 4.6.
Others indicate edges that are shared by more than one founders. As expected,
private edges in the C57BL/6J reference contain the least number of unsupported
sequences. One of the future directions is to provide a better reference assembly in
those regions by preforming local assembly.
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The CCGG probe database can potentially be used as a variant caller to detect
structural variations, such as deletions and duplications in both CC founders and
CC strains. For instance, Srivastava et al. [24] reported a de novo deletion in CC072
on chromosome 15 from 40,549,000 bp to 40,551,000 bp. The haplotype of CC072 in
this genomic region is WSB/EiJ (H). As shown in the green box in Figure 5.1.A, the
edge sequences on the H edge are supported by the sequence data of WSB/EiJ while
those edge probes have low read counts in CC072, highlighted in the red box. This
is consistent with the reported deletion. Another example is structure variations
in founder strains. 129S1/SvImJ (C) was reported to have a copy number gain at
chromosome 10 from 74,920,255 bp to 74,943,255 bp [28]. As shown in the red box
in Figure 5.1.B, the background color of read counts in 129S1/SvImJ is yellow and
green. According to the color map in Figure 4.4.B, this background color indicates
that those read counts are greater than one after normalization, which is consistent
with the reported copy number gain in 129S1/SvImJ. Thus, runs of low read counts
can be an indication of deletions and read counts after normalization can potentially
be used in detecting copy number variations.
5.2 Improve the sequence contents
As described in Chapter 4.3.3, we located 834,254 unsupported places that may
contain assembly errors. One of the future work is to classify those places based on
the error types, (i.e., sequencing errors and assembly errors) and determine whether
the sequence contents can be improved by performing local assemblies. One of the
benefits of using the CCGG is that the unique and conserved properties of anchors
make them intrinsically good starting and ending points for local assemblies. The
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Figure 5.1: A) a private deletion in CC072 B) a copy number gain in 129S1/SvImJ
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sequence of CC strains can be an estimation of the sequence for founders when they
have the corresponding haplotypes. Thus, new edges can be assembled between
anchors as a correction to the eight founder assemblies based on both the sequence
data of founders as well as CC strains. Besides fixing those unsupported places in
the founder assemblies, assembling private edges for each CC line to capture the de
novo mutations in each strain is also expected.
5.3 Improve the CCGG viewer
The CCGG contains plenty of important annotations, including genes, exons, repeat
masks and CC haplotypes. Having those annotations in the same context can ease
the discovery of the hidden relationship between different elements. For instance,
Su et al. found that CC recombinations occur in more than 2000 gene regions, 50 of
which contain multiple recombination events within a single gene. [25] One of the
future improvements to the CCGG viewer is to include those annotations. Genes
and exons can be displayed under the graph topology shown in Figure 4.3. The
backgrounds of CC strain headers in the CCGG probe database visualization can
be colored based on the corresponding haplotype information. Another direction of
improving the CCGG viewer is to enable the search based on the gene regions. Users
can specify the regions based on the gene name and Ensembl gene id. A feature
to save the graph topology, sequence contents, and probe counts for a particular




The CCGG is a graph-based pan-genome for a widely used mouse population, the
Collaborative Cross (CC). To help understand the sequence contents within the
CCGG and characterize newly sequenced CC samples, I construct the CCGG probe
database, which contains 148,183,468 distinct edge probes derived from the CCGG.
Edge probes are designed to highlight differences among parallel edges and cover
every base pair in the CCGG. Those edge probes are queried for read counts in
96 sequenced CC strains and eight newly sequenced CC founders using msBWTs.
The sequences and read counts of edge probes were compressed using mapping
vectors to avoid redundancy in storage. The database only stored roughly 2.5
times as many edge probes as that in the standard reference but covered all eight
founder assemblies present in the CCGG. The CCGG probe database has been
used in three different applications, including compressing the CCGG, resolving
CC recombination boundaries, and locating assembly errors. Besides the CCGG
probe database, I also present an online viewer to help visualize the structure and
content of the CCGG. The CCGG viewer currently provides four different types of
visualizations at various scales, including the anchor distribution, edge distribution,
graph topology, and CCGG probe database. The CCGG viewer is available online
at http://devel.csbio.unc.edu/GraphicalGenome/viewer/ and the CCGG





Pan-genome: A collection of genomes that are used together as the reference
Graphical genome: A type of pan-genomes, which is organized using graph-like
structures
CCGG (Collaborative Cross Graphical Genome) : A graphical genome for a
widely-used mouse population called the Collaborative Cross (CC)
Anchor: Conserved and unique 45-mers that have the same relative order in all
eight founder assemblies
Floating node: Nodes that are shared by some founders but are not eligible as
anchors. They are inserted for local compression.
SOURCE: A special node used to indicate the start of the contig
SINK: A special node used to indicate the end of the contig
src: The starting node of an edge
dst: The ending node of an edge
Edge: The sequence content between adjacent nodes
Core edge: Edges that are shared by all eight founder strains
Alternative edge: Edges that are not on the C57BL/6J reference path
Parallel edge: Edges that share the same src and dst
Gap: The sequence content between an adjacent pair of anchors. Gaps are
equivalent to parallel edges when floating nodes do not exist.
Path: The sequence content between any pair of anchors. They can be in the form
of a series of nodes and edges.
Informative edge probes: A set of 45-mers that appears exclusively on one of
the parallel edges and can be used to distinguish it from other parallel edges.
Bridging edge probes: A set of 45-mers selected to bridge informative edge probes
and anchors to cover every base pair in the CCGG
Long edge: Edges in gaps where at least one edge is longer than 1000 bps
Private edge: Edges that only lie on a single founder’s path
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